Abstract: Machine learning approaches were introduced for better or comparable predictive ability than statistical analysis to predict postoperative outcomes. We sought to compare the performance of machine learning approaches with that of logistic regression analysis to predict acute kidney injury after cardiac surgery. We retrospectively reviewed 2010 patients who underwent open heart surgery and thoracic aortic surgery. Baseline medical condition, intraoperative anesthesia, and surgery-related data were obtained. The primary outcome was postoperative acute kidney injury (AKI) defined according to the Kidney Disease Improving Global Outcomes criteria. The following machine learning techniques were used: decision tree, random forest, extreme gradient boosting, support vector machine, neural network classifier, and deep learning. The performance of these techniques was compared with that of logistic regression analysis regarding the area under the receiver-operating characteristic curve (AUC). During the first postoperative week, AKI occurred in 770 patients (38.3%). The best performance regarding AUC was achieved by the gradient boosting machine to predict the AKI of all stages (0.78, 95% confidence interval (CI) 0.75-0.80) or stage 2 or 3 AKI. The AUC of logistic regression analysis was 0.69 (95% CI 0.66-0.72). Decision tree, random forest, and support vector machine showed similar performance to logistic regression. In our comprehensive comparison of machine learning approaches with logistic regression analysis, gradient boosting technique showed the best performance with the highest AUC and lower error rate. We developed an Internet-based risk estimator which could be used for real-time processing of patient data to estimate the risk of AKI at the end of surgery.
Introduction
Generalized linear models, such as logistic regression analysis, have been used to predict postoperative morbidity. However, the logistic regression model requires the statistical assumption of a linear relationship between the covariates and the risk of morbidity. Furthermore, the limitation of overfitting and multicollinearity of regression analysis preclude the analysis of many explanatory variables. These limitations have restricted the analysis model to select a small set of variables that are known to be clinically relevant.
Recently, the machine learning technique has been applied in areas of medicine, including detecting a specific clinical finding on medical imaging and has shown excellent performance with high sensitivity and specificity [1, 2] . Additionally, there were reports about the use of machine learning techniques to predict postoperative clinical outcomes including specific morbidity or in-hospital mortality [3] [4] [5] . Machine learning techniques showed better performance and low error rates to predict clinical outcomes compared to the logistic regression or Cox regression analysis. However, there was also a study reporting that the machine learning technique did not show a better performance that a previous risk prediction model for in-hospital mortality [5] .
Postoperative acute kidney injury (AKI) after cardiovascular surgery is known to be a relevant complication because it is associated with increased long-term mortality and development of chronic kidney disease [6] [7] [8] . To find a risk factor and develop a risk prediction model, previous studies reported the results of multivariable logistic regression analysis [9] [10] [11] [12] [13] [14] [15] [16] [17] . Although many risk factors and risk scores were reported by multivariable logistic regression analysis, their performance in terms of the area under the receiver operating characteristic curves (AUC) was about 0.70 to 0.83 with room for further improvement [9, 10, 13, 14, 18] . Furthermore, previous prediction models may have included an insufficient number of perioperative variables owing to overfitting and multi-collinearity of the logistic regression analysis. Additionally, the potential non-linear relationship between the covariates and the risk of outcome cannot be considered. However, machine learning techniques are relatively free of these limitations of statistical analysis and may demonstrate better performance than that of logistic regression analysis.
Therefore, we attempted to directly compare the performance and error rate of prediction with machine learning techniques with that of prediction with multivariable logistic regression analysis. We hypothesized that prediction with machine learning techniques involving many perioperative variables may demonstrate better performance and low error rate than that of logistic regression analysis. We evaluated as many machine learning techniques as possible that are currently available in the statistical software package R (version 3.4.4., R Development Core Team, Vienna, Austria) because the R software package is easily and freely accessible to investigators and many packages for machine learning approaches are currently available.
Materials and Methods

Study Design
This retrospective observational study was approved by the institutional review board of Seoul National University Hospital (1805-170-948). We retrospectively reviewed the electronic medical records of 2010 consecutive patients who underwent coronary artery surgery, valve replacement, or thoracic aortic surgery at our institution between 2008 and 2015. The need for informed consent was waived because of the retrospective design of the study.
Anesthesia, Surgical Technique
General anesthesia was maintained using a target-controlled infusion of propofol and remifentanil, or inhalational anesthetics during the study period. Standard monitoring devices were applied, including pulmonary artery catheters (Swan-Ganz CCOmbo CCO/SvO2™; Edward Lifesciences LLC, Irvine, CA, USA), in all patients.
Data Collection
On the basis of previous studies, data related to demographic or perioperative variables known to be related to postoperative renal dysfunction were collected (Table 1) [6, [9] [10] [11] [12] [13] [14] [15] [16] [17] [19] [20] [21] [22] [23] .
The following perioperative clinical variables were collected: patient demographics, medical history, medication history, baseline laboratory finding, surgery type, operation time, type of anesthesia, intraoperative fluid and colloid administration, intraoperative transfusion amount, and intraoperative hemodynamic variables. Data are presented as median (interquartile range) or number (%). COPD = chronic obstructive pulmonary disease, ACEi = angiotensin-converting-enzyme inhibitor, AKI = acute kidney injury, ARB = angiotensin II receptor blocker, LVEF = left ventricular ejection fraction, pRBC = packed red blood cell transfusion, FFP = fresh-frozen plasma, SvO 2 = mixed venous oxygen saturation, KDIGO = kidney disease improving global outcomes, GFR = glomerular filtration rate.
The primary outcome variable was postoperative AKI defined according to the Kidney Disease Improving Global Outcomes (KDIGO) criteria, which was determined according to the maximal change in serum creatinine level during the first seven postoperative days [6, 24] . The most recent serum creatinine level measured before surgery was used as the baseline value. The detailed diagnostic criteria are shown in Table S1 . We did not use the urine output criteria because previous studies suggested that different cutoffs of oliguria may be required for AKI after surgery [25, 26] . We also analyzed the stage 2 or 3 AKI as secondary outcomes because stage 1 AKI may only be transient and functional and stage 2 or 3 AKI is more strongly associated with patient mortality [27] . The prediction of severe stages of AKI would be practically more important.
Statistical Analysis
R software version 3.4.4. (R Development Core Team, Vienna, Austria) was used for our analysis. The following R packages for machine learning approaches were used: Tree, rpart, ROSE (Random Over-Sampling Examples), randomForest, DMwR (Data Mining with R), XGBoost (eXtreme Gradient Boosting), e1071, UBL (utility-based learning), Kernlab, nnet, neuralnet, and h2o. Tree, rpart, and ROSE packages with CART (Classification And Regression Tree) analysis were used for decision tree analysis; randomForest and DMwR were used for random forest; XGboost was used for extreme gradient boosting; e1071, UBL, and kernlab were used for support vector machine; nnet and neuralnet were used for neural network regression; and h2o was used for deep belief networks (Text S1). Seventy-two explanatory variables including variables in Table 1 were used to machine learning. Our sample was randomly divided into a training and test set with a ratio of 1:1. The coefficients of machine learning techniques were trained with the training set and tested with the test set. Our primary analysis attempted to compare the predictive accuracy of machine learning approaches with traditional analytic techniques for classification, and previous risk scores for AKI after cardiac surgery [9] [10] [11] [12] [13] [14] [15] [16] . To evaluate and compare the predictive accuracy of prediction by machine learning techniques and logistic regression models, we calculated the areas under the receiver operating characteristics curve (AUCs) [28, 29] and compared AUCs of all classifiers and models using De Long's method [30] . We also compared the error rate, which was defined as the sum of the number of cases with false positive and false negative divided by the size of the test set. The error rates of the logistic regression model and other previous risk scores were calculated by using a cutoff where the sum of sensitivity and specificity was maximal.
For decision tree analysis, the number of terminal nodes was determined considering the scree plot showing the relationship between the tree size and coefficient of variance. We considered several decision trees with some terminal nodes that were associated with a small coefficient of variance. The final decision tree model that is clinically acceptable was chosen. The decision tree was pruned based on cross-validated error results using the complexity parameter associated with the minimal error. The ROSE package generates a synthetic balanced dataset with both over-and under-sampling and allows strengthening of the subsequent estimation of any binary outcomes [31] .
The randomForest package provided a variable importance plot which shows the relative importance of the explanatory variables according to the mean decrease in accuracy or Gini. DMwR package is a technique to improve predictive ability by increasing the number of positive cases, which is called SMOTE (Synthetic Minority Over-sampling Technique). The XGBoost provides extreme and efficient gradient boosting [32] [33] [34] . The e1071 package was used for the support vector machine. The UBL package provides an over-sampling technique of SMOTE, which was also used to handle the class imbalance in the training set for the support vector machine [35] . The parameters of the support vector machine for classification was tuned based on balance data after SMOTE. The best parameters were determined to be a gamma of 0.1 at a cost of 10. The kernlab package provided the least square support vector machine. The neuralnet package provided the neural network classification and the number of hidden layers was defined as 6 with minimal error. The h2o deep learning package was used for deep learning.
Multivariable logistic regression analysis, including the variables in Table 1 , was performed to identify independent predictors used for the development of a multivariable prediction model. To avoid multicollinearity, variables that were closely correlated with each other were excluded before being entered into the multivariable analysis. Backward stepwise variable selection was conducted using cutoff of p < 0.10. Previous risk scores of Palomba, Wijeysundera, Mehta, Thakar, Brown, Aronson, Fortescue, and Rhamanian et al. [9] [10] [11] [12] [13] [14] [15] [16] were also applied to our study data and their performance was also compared with logistic models of ours, as well as other machine learning techniques. As a sensitivity analysis, logistic regression analysis without stepwise variable selection was performed to evaluate the performance.
Missing data were noted in <8% of records. We imputed the missing values according to the incidence of the missing values for each predictor. If the incidence of the missing was <2%, the missing values were substituted by the mean of continuous variables and by the mode for the incidence variable. The missing values of variables with a missing ratio of >2% and <8% were replaced using multiple imputations. Multiple imputations were performed separately in the training and test dataset. Multiple imputed training and test datasets were combined for a single run of the machine learning classifiers or logistic regression analysis.
We developed a risk estimator based on our gradient boosting model [36] . This estimator calculates the risk of developing AKI after cardiac surgery and classifies the risk into three classes of low, moderate, and high risk of AKI.
Results
A total of 2010 cases including 911 (45.3%) coronary artery bypass and 1052 (52.3%) valve replacement surgery cases were included in our analysis. During the first seven postoperative days, AKI, as determined according to the KDIGO criteria, was observed in 770 patients (38.3%) and stage 2 or 3 AKI developed in 179 patients (8.9%). The incidence of AKI was 37.3% (375/1005) for the training set and 39.3% (395/1005) for the test set. The incidences of stage 2 or 3 AKI were 9.3% (93/1005) and 8.6% (86/1005) for training and test set, respectively. Patient demographics and surgery-related variables in both training and test set are compared in Table 1 .
The error rate and AUCs of all machine techniques, logistic regression model, and risk scores to predict AKI of all stages in the test data set were compared in Table 2 and Figure 1 . Extreme gradient boosting classification showed the lowest test error rate (26.0%) and the largest AUC (0.78, 95% confidence interval (CI) 0.75-0.80), which was significantly greater than AUCs of other machine learning techniques or risk scores compared (p < 0.001). The deep belief network classifier showed the highest test error rate (47.2%) and smallest test AUC (0.55) among all machine learning techniques compared. The error rate and AUCs to predict AKI of stage 2 or 3 in the test set were compared in Table S2 . Gradient boosting classification showed lowest test error rate (8.5%) and the largest AUC (0.74). The results of multivariable logistic regression analysis with and without stepwise variable selection was shown in Table 3 and Table S3 . The AUC of the multivariable logistic prediction model with stepwise variable selection was 0.69 (95% CI 0.66 to 0.72) and the model without variable selection showed similar AUC ( Table 2) . Multivariable logistic regression analysis was performed using all the variables in Table 1 . Stepwise backward variable selection process was used for this analysis using cutoff of p-value of less than 0.10. Nagelkerke's R 2 was 0.32 and Hosmer-Lemeshow goodness-of-fit test showed good calibration (chi-square = 12.1, p = 0.231). CI = confidence interval, E/e´= ratio of early transmitral flow velocity to early diastolic velocity of the mitral annulus.
Simple decision tree model showing the classification of patients with and without AKI is shown in Figure 2 . The importance matrix plot of gradient boosting is shown in Figure 3 and the amount of Intraoperative red blood cells transfusion and preoperative hematocrit level were ranked the first and second. The variables of importance plot of random forest model was shown in Figure S1 . The same variables were ranked first and second in terms of both mean decreases in accuracy and Gini. The matrix of classification of extreme gradient boosting was visualized in Figure S2 . Figure S3 shows an example of the support vector machine classification plot. 
Discussion
We compared the predictive accuracy of the prediction for AKI after cardiovascular surgery among the machine learning techniques, traditional statistical approach, and previous risk scoring models. We included currently available machine learning techniques, including decision tree, random forest, support vector machines, neural networks, and deep belief networks. Logistic regression analysis was used as the traditional approach. The results showed that extreme gradient boosting machine showed the lowest error rate and largest AUC among all techniques and risk scores, which was consistent for the prediction of stage 2 or 3 AKI. Extreme gradient boosting machine based prediction may result in significant improvement in the prediction of AKI after cardiac surgery. A risk estimator based on our gradient boosting model was developed for clinical use to determine the risk of AKI at the end of surgery.
Extreme gradient boosting showed the best predictive ability in our analysis [32, 33, 37] . While the random forest builds an ensemble of independent recursive partitioning tress of unlimited depth, extreme gradient boosting builds a sequential series of shallow trees, where each tree corrects for the residuals in the predictions made by all the previous tress ( Figure S2 ). Gradient boosting uses techniques to reduce overfitting such as shrinkage and column resampling. After each step of boosting, the algorithm scales the newly added weights, which reduces the influence of each tree and allowing the model to learn better. Column resampling considers only a random subset of descriptors in building a given tree, which also fastens the training process by reducing the number of descriptors to consider [32] . It may be determined in further multicenter larger studies whether the better performance of boosting could be applied to data of other institutions or other surgical populations.
Decision tree analysis showed a similar performance to that of logistic regression model in our study. Decision trees are a hierarchical model that are comprised of decision rules based on the optimal feature cutoff values. It recursively classifies independent variables into different small groups based on the Gini impurity measure or entropy, while logistic regression analysis analyzes the interaction of included variables [38] [39] [40] . The odds ratio of a specific risk factor in a logistic regression model is applied to all study population rather than a single subgroup, while each branch of the decision tree may have different covariates from another branch. Variable selection in the process of decision tree is not based on probabilistic methods, which may result in overestimation of the importance of explanatory variables or may miss other potential confounders [41] . Decision trees can improve the predictive ability achieved by logistic regression models under certain circumstances. With sufficiently many terminal nodes with a low coefficient of variance, the decision tree model enables the detection of some individual cases that would have been unnoticed applying conventional logistic regression models. However, the clinical interpretation of variable selection and their cutoffs is often difficult, because the decision tree classification does not consider the clinical relevance. Decision trees are susceptible to fluctuations in the training set and are, thus, prone to overfitting and poor generalizability [4] . Additionally, decision tree models may not be practically useful if it includes too many variables. However, for the low error rate and high AUC, more classifying variables are needed.
The performance of random forest was also similar to that of logistic regression analysis in our dataset. Random forest is considered to have advantages, especially in handling electronic medical records. It is an extension to traditional decision tree classifiers [42] , and attempts to mitigate the limitations of decision tree through an ensemble-based technique using multiple decision trees. Each tree is constructed from a random subset of the original training data and a random subset of a total number of variables is analyzed at each node for splitting. Random forests can minimize the problem of overfitting by taking the mode of decisions of a large number of these randomly generated trees [43] . Other advantages of random forests to analyze electronic medical records include running efficiently on large samples with thousands of input variables, the ability to accommodate different data scales, and robustness to the inclusion of irrelevant variables. There was no significant performance gain of the random forest over that of the simple decision tree in our study, which may be because the number of input variables was insufficient to demonstrate any difference in performance.
The deep neural network model showed a good performance to predict in-hospital mortality in a previous study, although it was not superior to previous risk score [5] . Contrary to our expectations, the performance of neural network in our study was inferior to the performances of all other machine learning techniques. This may be explained because our data for learning the relationship between the covariates and risk of AKI may not be sufficient. Although the multilayer perceptron is mathematically proven to be able to approximate any nonlinear function, it requires a large amount of learning data. Therefore, the dataset of our study may not be large enough and the number of covariates was not sufficient to train the multilayer perceptron [44] .
The performance of previous eight risk scoring models was poor in our test dataset [9] [10] [11] [12] [13] [14] [15] [16] . The AUCs of these risk scores were similar possibly because similar predictors were used to construct the risk score [6] , and the poor performance may be due to the small number of predictors and lack of intraoperative variables, such as transfusion amounts or hemodynamic variables. A previous study showed that the performance of the logistic regression model could be improved when we consider many perioperative variables as possible [19] .
Several previous studies reported that the AUCs of machine learning techniques were not superior to previous risk scores or logistic regression models to predict postoperative mortality [5, 45] . However, our study demonstrated that the AUCs of machine learning techniques could be significantly greater than the AUC of logistic regression model to predict AKI. Previous studies compared the predictive ability for in-hospital mortality in a population with a very low incidence (<1%) [5, 45] . The difference in AUC or error rate may be small for an outcome with low incidence, and this small difference in performance would be difficult to be demonstrated. It seems that any difference in error rate and AUC would be more pronounced in our study sample with a postoperative AKI of higher incidence (38.3%). This could also be the reason why the SMOTE model of random forests or support vector machines did not significantly increase the AUC in our test dataset. SMOTE model increases the incidence of outcome cases and balancing the case with and without outcome variables. However, our test set already had a nearly balanced dataset for AKI.
The importance matrix plot of the gradient boosting machine shows the similar predictors that were known to be associated with the development of AKI after cardiac surgery [6, [9] [10] [11] [12] [13] [14] 16, [19] [20] [21] 46] . However, the plot additionally gives the relative importance of each predictor, which was similar to the variance importance plot of random forest model. This analysis may help to find a new risk factor for postoperative morbidity or mortality.
Our study has several limitations. First, our analysis used only single-center data and included a relatively small number of cases and covariates. The performance of machine learning techniques might be different when they are applied to a much larger sample with a different distribution of the covariates. The external validity of our results may be limited. Furthermore, important predictors may be different according to different institutions. However, the relative performance of logistic regression and machine learning techniques would be similar to our results. Each institution may need to develop their own prediction model with the machine learning approach, by using historical data from their electronic medical records and updating the model periodically. Real-time processing of patient data would produce risk prediction for each patient after surgery. Second, machine learning techniques are often difficult to interpret the results. Inferences about the explanatory variables are more difficult than logistic regression analysis [4] . However, the gradient boosting machine and random forest provided for some interpretability through the importance matrix plot and variable importance plot. Third, it is not certain that our results could translate into improved clinical outcomes for the patients. Most of our important variables reported are not clinically modifiable and accurate risk prediction may not be followed by improved patient outcomes. However, further prospective trials may evaluate whether adjustment of potentially modifiable predictors, such as hemodynamic variables could decrease the risk of AKI [46] [47] [48] .
Conclusions
In conclusion, our study demonstrated that the machine learning technique of extreme gradient boosting showed significantly better performance than the traditional logistic regression analysis or previous risk scores in predicting both AKI of all stages and stage 2 or 3 AKI after cardiac surgery. Gradient boosting machine may be used for real-time processing of patient data to estimate the risk of AKI after cardiac surgery at the end of surgery. Our Internet-based risk estimator may help to evaluate the risk of AKI at the end of surgery. However, prospective multicenter trials are required to validate the better prediction by gradient boosting. Further studies may apply extreme gradient boosting machine to the other important clinical outcomes after cardiac surgeries and may prospectively validate our results.
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